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ABSTRACT

Quantization has become a key technique for reducing the memory footprint and
accelerating the inference of large language models (LLMs), especially as modern
GPUs provide native INT4 compute units. However, quantizing both weights and
activations to low bit-width often causes substantial accuracy degradation, since
the limited representational range cannot simultaneously capture common values
(inliers) and rare large-magnitude values (outliers). To address this challenge, we
propose ZipperQuant, a novel 4-bit quantization paradigm for LLMs that dis-
aggregates the computation of inliers and outliers across GPU and CPU. A key
limitation of naive value-based disaggregation—offloading entire outlier values to
the CPU—is that it suffers from the large performance gap between GPUs and
CPUs and the high overhead of inter-device data transfer. ZipperQuant instead in-
troduces a bit-based disaggregation strategy. Using smoothing, activation outliers
are first absorbed into the weights, which are then split into low-order and high-
order components. The GPU executes all inliers together with the low-order bits
of outliers in low precision, while only the sparse high-order bits are offloaded to
the CPU and multiplied with activations at high precision. These high-order CPU
computations are further accelerated by a specialized lookup-table mechanism:
since only a small set of bit patterns occurs, their results can be precomputed and
reused, replacing costly multiplications with lightweight table lookups and accu-
mulation, while also eliminating dequantization overhead. Extensive experiments
demonstrate that ZipperQuant preserves near-FP16 accuracy while achieving up
to 3.01x speedup over a W4A16 baseline on an RTX 4090 with INT4 precision.

1 INTRODUCTION

Large language models (LLMs) have transformed the landscape of Al, redefining the boundaries of
natural language processing and beyond (Grattafiori et al., 2024; |Yang et al., 2025} |/Achiam et al.,
2023} [Team et al., 2023), and are now integral to applications ranging from everyday conversational
assistants to high-stakes domains such as medical decision support (Thirunavukarasu et al., 2023)
and code generation (Barke et al.,|2023). This remarkable progress has been driven largely by scaling
model size: LLMs have grown from 7B to 70B, and frontier models with over 600B parameters.
However, this scaling results in a proportional increase in FLOPs and memory footprint, leading to
a significant increase in matrix multiplications. These matrix multiplications are the primary cause
of memory consumption and latency, which are major bottlenecks to practical deployment.

To address these efficiency bottlenecks, hardware vendors are increasingly adopting low-precision
computation. For example, NVIDIA’s Hopper and Blackwell architectures (NVIDIA| 2024) na-
tively support both low-bit integer (INTS8, INT4) and floating-point (FP8, FP4) formats, achieving
significant throughput gains over traditional FP16 precision. Consequently, quantization, which
compresses a model’s weights and runtime activations into these low-bit representations to save
memory and speed up inference (Ashkboos et al.| [2025; |Lin et al.| [2025; [Zhao et al., 2024b) has
become a natural and indispensable strategy for scaling LLM deployment.

However, quantizing both weights and activations to low bit-width often leads to substantial ac-
curacy degradation, as the limited representational range cannot simultaneously capture the dense
distribution of common values (inliers) and the rare but large-magnitude values (outliers) (Dettmers
et al., 2022). Early approaches such as SmoothQuant (Xiao, Guangxuan and Lin, Ji and Seznec,
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Figure 1: Overview of ZipperQuant workflow.

Mickael and Wu, Hao and Demouth, Julien and Han, Song, [2023a)) mitigate this issue by shifting
activation outliers into the weights via channel-wise scaling. This works well at INT8, where static
weights are relatively tolerant to a few additional outliers, but under more aggressive 4-bit quan-
tization, weights already contain significant outliers, so further migrating activation outliers only
amplifies quantization error. More recent methods adopt rotation-based techniques (Ashkboos et al.,
2025; |L1u et al.l 20255 Sun et al., 2025), applying orthogonal transformations jointly to weights and
activations to distribute outliers more evenly across channels. Yet, because activation outliers vary
dynamically with input and context, most existing quantization approaches cannot fully eliminate
them, leaving residual outliers that continue to degrade accuracy under aggressive quantization.

To address this challenge, we propose ZipperQuant, a novel 4-bit quantization paradigm for LLMs
that disaggregates the computation of inliers and outliers across GPU and CPU. This separation
directly tackles the difficulty of jointly quantizing weights and activations at low bit-width: inliers,
which dominate the distribution, are preserved with high fidelity and executed efficiently on GPUs,
while outliers, though rare but large in magnitude, are isolated and delegated to CPUs for high-
precision handling. By preventing these extremes from distorting the overall quantization scale,
ZipperQuant mitigates the accuracy loss that limits existing approaches.

A naive strategy is to offload entire outlier values to the CPU. However, this value-based disag-
gregation quickly becomes impractical: although outliers constitute only a small fraction of values,
executing them in full on the CPU is highly inefficient. Modern GPUs provide hundreds of TOPS of
INT4/INT8 throughput, whereas CPUs typically achieve only a few TOPS, resulting in a 10-100x
performance gap. In addition, transferring entire outlier values over PCle (32-64 GB/s) is more
than 20x slower than accessing GPU HBM (> 1 TB/s). Together, these factors make value-based
disaggregation dominated by CPU computation and inter-device data transfer overhead.

As shown in the central insight of ZipperQuant is that outliers need not be offloaded
in full. Instead, weights are decomposed by bit significance: the dense low-order bits—including
those of outliers—are executed on GPUs in low precision together with inliers, while only the sparse
high-order bits are delegated to CPUs, where they are multiplied with activations at high precision.
Limiting CPU execution to this high-order component fundamentally reduces both data transfer and
computation overhead. To further accelerate CPU execution, we introduce a specialized lookup-
table mechanism: because the number of possible high-order bit patterns is small, their products
with activations can be precomputed and cached, enabling the CPU to replace costly multiplications
with lightweight table lookups and accumulation. Finally, we co-design the inference engine to store
high-order branches in sparse format and pipeline data transfer with computation, ensuring that CPU
offloading does not become a bottleneck.

We summarize our contributions as follows:

* We propose ZipperQuant, a 4-bit quantization paradigm for LLMs that disaggregates the com-
putation of inliers and outliers across GPU and CPU, directly addressing the accuracy loss of
prior quantization approaches without efficiency degradation.

* We introduce a bit-based disaggregation strategy that executes inliers and the low-order bits of
outliers on GPUs, while offloading only the sparse high-order bits to CPUs. This design reduces
both computation and inter-device transfer, and further accelerates high-precision CPU execution
with a lookup-table mechanism that replaces multiplications with lightweight lookups.

e We conduct extensive experiments on mainstream LLMs and system-level evaluations on both
workstation (RTX 4090) and server-class (L20) GPUs, demonstrating that ZipperQuant preserves
near-FP16 accuracy while achieving up to 3.01x speedup over a W4A16 baseline on RTX 4090
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with INT4 precision, and matches or surpasses state-of-the-art W4A4/W4AS8 systems in end-to-
end throughput under comparable accuracy.

2 RELATED WORK

Post-Training Quantization. Post-training quantization is a widely used technique for reducing
Transformer model size and accelerating inference (Lin et al.,|2025). Weight-only quantization (Lin
et al., 2024; Frantar et al.| [2023) compresses weights to low bit-widths but typically upcasts them
back to full precision during inference. To further improve efficiency, recent work investigates joint
quantization of both weights and activations for low-bit inference (L1 et al., 2025} Zhao et al.,[2025)).
SmoothQuant (Xiao, Guangxuan and Lin, Ji and Seznec, Mickael and Wu, Hao and Demouth, Julien
and Han, Song} 2023b)) first demonstrates effective W8AS8 quantization, while subsequent methods
achieve 4-bit precision using learnable quantization parameters (Shao et al., [2024) or orthogonal
rotations (Liu et al., 2025} |Ashkboos et al.| [2025), improving robustness against outliers and bet-
ter exploiting low-precision hardware units. Our approach complements these efforts by introduc-
ing outlier-aware optimization for 4-bit weight—activation quantization, while remaining orthogonal
to learnable quantization and rotation-based methods. In addition, several studies assign different
bit-widths to different components of activations and weights—for example, computing outliers in
higher precision (Zhao et al.| 2024b; [Huang et al.l 2025). Unlike most of these mixed-precision
approaches, which focus on value-level disaggregation and operate solely on GPUs, ZipperQuant
explores finer-grained bit-level strategies with heterogeneous GPU-CPU co-execution, achieving
both efficiency and accuracy.

Hybrid GPU-CPU Inference. Hybrid execution has been explored to alleviate the memory foot-
print of LLMs, which arises from both model parameters and intermediate activations and often
exceeds the capacity of commodity GPUs. Prior work can be broadly divided into parameter and
KV-cache offloading (Wang et al.,|2025; Sheng et al.,|2023; Fang et al., 2025)) and hybrid computa-
tion (Zhao et al., [2024a; |Song et al., [2024; |Cao et al.| 2025; |ggml org, 2025} | Xu et al., [2025). The
former treats the CPU primarily as a memory reservoir, dynamically transferring parameters to the
GPU for execution. The latter leverages the CPU as an auxiliary compute device to offload comple-
mentary tasks—such as layers that exceed GPU memory capacity (ggml orgl 2025), attention oper-
ations involving KV caches stored in CPU memory (Cao et al., 2025; [Sheng et al., 2023)), neurons
with low activation frequency (Song et al.,|2024)), or activation outlier channels (Xu et al.| 2025)—in
parallel with GPU execution. Our study also falls into the second category but specifically targets
quantized inference. Whereas existing approaches offload relatively coarse-grained units—such as
layers, tensors, channels, or neurons—to the CPU, we introduce a much finer-grained strategy that
disaggregates computation at the bit level, executing inliers and the low-order bits of outliers on
GPUs while delegating only the sparse high-order bits to CPUs.

3  QUANTIZATION PRELIMINARY

Quantization is a widely used technique to accelerate the linear operators in Transformer layers by
reducing their arithmetic precision. For a tensor X, uniform symmetric quantization with k bits is

defined as - %
Qi( = I‘Ollnd<s)() s Si( = Ina;]X(||)’ (1)
k max

where Qi( is the k-bit integer representation of X, si( is the scaling factor, and g,ax 1S the maximum

representable integer. For signed integers with k bits, ¢uax = 271 — 1. The dequantized tensor is
then given by Q(X) = si( Qi(. For a linear layer with activation X and weight W,

XW ~ Qr(X) Qe(W) = spsp - QuQyY. 2)

To exploit low-precision compute units on modern GPUs, Q(X) and Qx (W) typically adopt the
same bit-width. Otherwise, one operand must be dequantized at runtime to match the other, which
undermines the performance advantage of quantized execution. Following prior work (Lin et al.,
2025} [Li et al., 2025)), we denote z-bit weights and y-bit activations as Wz Ay (such as W4A4 de-
notes 4-bit weights and 4-bit activations) and focus on signed integer quantization. The formulation
for unsigned integers is deferred to Appendix
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Figure 2: Quantization error visualization on LLaMA3-8B. Red denotes large errors, while green
denotes small ones. (a,b) High activation and weight errors in the model. (c,d) After smoothing, ac-
tivation errors are largely shifted into weights. (e) ZipperQuant substantially reduces weight errors.

4 METHOD

In this section, we first analyze the sources of quantization error and derive their theoretical upper
bounds. We then introduce ZipperQuant, which “zips” low-order and high-order bits across GPU
and CPU to combine the throughput of low-precision execution with the accuracy of higher-bit pro-
cessing. Finally, we present a co-designed Zipper engine that enables efficient parallel co-execution,
yielding tighter error bounds and a more favorable efficiency—accuracy trade-off.

4.1 PROBLEM FORMULATION

Consider a Transformer linear layer (Vaswani et al., 2017)) with activation X € R**™ and weight
W e R™*" where t is the token length and m, n are the input and output channel dimensions. The
k-bit quantization error is defined as

EX, W) = [ XW — Qr(X)Qr(W)||f, 3

where ||-|| r is the Frobenius norm.

Theorem 4.1 (Upper bound for quantized linear layer error). The quantization error of each linear
layer admits the following upper bound:

EX,W) < [[X]F [W = Qr(W)l[r + [|Q:(W)llr X — Qu(X)[[r- )
The proof is deferred to Appendix [B-1] This bound reveals that the error depends on four terms: the
magnitudes of the activation and the quantized weight, | X|| r and ||Qx(W)|| , and the quantization

errors of weight and activation, |[W — Qx(W)||r and | X — Qx(X)||r. Minimizing the overall
quantization error thus requires jointly controlling all four terms.

4.2  ZIPPERQUANT: ZIP-THE-BYTE QUANTIZATION FOR HYBRID EXECUTION

Migrating outliers from activations to weights. Smoothing (Xiao, Guangxuan and Lin, Ji and|
|Seznec, Mickael and Wu, Hao and Demouth, Julien and Han, Song}, [2023a) is a common approach
to reduce activation magnitudes. With per-channel scaling factors A € R™, outliers can be shifted
from activations into weights. As shown in c), the smoothed activation X = X diag(A)~!
has lower magnitudes and fewer outliers, reducing activation quantization error. However, as in
d), the transformed weights W =W diag(A) exhibit larger magnitudes and more outliers,
thereby increasing weight quantization error. Consequently, the terms || X||  and || X — Q. (X)|| 7 in
[Equation 4]decrease, while our next objective is to optimize the remaining two terms: the magnitude
of Qx(W) and the weight quantization error |W — Qx(W)|| r.

Theorem 4.2 (Upper bound for quantized weight error). The quantized weight error satisfies

W - Qu(w)» < POV,
qmax

®)

See Appendix [B.2]for the proof. The error depends on three factors: the maximum absolute weight
value max |[W/, the matrix size v/mn, and the maximum representable integer ¢max. The first two
are determined by the weight distribution and layer dimensionality. The most direct way to reduce
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Figure 3: (a) Distribution of INT6 quantized K projection weight in layer 1 of Qwen3 4B. (b) Bit-
level sparsity of the K projection weights across layers in Qwen3 4B. (c) Workflow of INT6 weight
bit-based disaggregation: decompose INT6 into the highest one bit, the second highest one bit, and
a UINT4 remainder, we evaluate the first two on the CPU via lookup tables, and compute the UINT4
component on the GPU using GEMM.

the error is to increase ¢p,,x. However, directly enlarging ¢,,,x comes at two costs: (i) larger memory
footprint and bandwidth consumption, since storage and traffic scale roughly linearly with bit-width;
and (ii) reduced compute intensity, because current GPU low-precision units are optimized for 4-
and 8-bit arithmetic, so unsupported bit-widths require runtime packing and unpacking.

Motivated by this, our goal is to design a new quantization paradigm that effectively expands the
representational range of weights—i.e., indirectly increases Qumax—without incurring the hidden
costs of higher bit-widths. To illustrate this point, we first consider setting a relatively high ¢ ax,
corresponding to INT6 quantization. As shown in a), most weight values then fall within
a narrow low-magnitude interval (e.g., [—8, 8]), while only a few sparse outliers extend to larger
magnitudes. This naturally suggests offloading those outlier computations to the CPU, where they
can be processed in high precision, while keeping inliers on the GPU in low precision. Such a design
ensures that gy, is still represented under high precision, while the bulk of GPU computation and
memory access remains low-bit. However, value-based offloading requires transferring entire outlier
values to the CPU and computing them in full, which inflates both inter-device traffic and CPU
workload, making the approach highly inefficient.

Bit-based disaggregation for weight outliers with hybrid execution. To address the limitations of
value-based offloading, we introduce a bit-based disaggregation strategy that assigns the high-order
bits of outliers to the CPU while retaining the low-order bits on the GPU for parallel execution. In
this way, high bit-width accuracy is preserved for the smoothed weights, while the GPU continues
to benefit from low-precision parallel acceleration.

As shown in [Figure 3|b), outliers at the high-order bit level exhibit high sparsity across different
layers. We therefore partition the K -bit representation: the lower k; bits are executed on the GPU,
matched to its native low-precision compute units, while the higher ko bits are delegated to the
CPU.See Appendix [E.5] for more details. This design leverages the throughput advantage of low-
precision GPU computation while exploiting the sparsity of high-order bits on the CPU, thereby
maintaining accuracy. The quantization with bit-based disaggregation in ZipperQuant can be ex-
pressed as:

Qu(W) = s QY =¥ (U +2° QW) = U, (W) + 24 Qi (W), ©)

where U and QXV denote the k1 -bit unsigned and ks-bit signed representations of W, respectively.
The proof of this decomposition is provided in Appendix[B.3] Accordingly, the matrix multiplication
XW can be approximated as:

XW = XW = Qp, (X) Uy, (W) + X - 2°1Q,, (W) . (7)

GPU computation CPU computation
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LUT-based design: only weight rows containing outliers are stored, corresponding activations are
selectively transferred, grouped, and used to index precomputed LUT entries, which are accumulated
to form partial sums before being merged with GPU results.

The first term corresponds to low-order bits executed on the GPU using INT4 GEMM, while the
second term corresponds to high-order bits executed on the CPU in FP16. These two terms are
computed in parallel, and implementation details are provided in Section[d.3]

Error bound analysis. Based on we can derive the upper bound of ZipperQuant error:

Theorem 4.3 (Upper bound for ZipperQuant error). The upper bound of ZipperQuant’s quantization
error is given by

EX, W) < [X|[p|W = Ui, (W) = 2" Qi (W) 7 + Uk, (W) FIX = Qu, X)llr- (®)

The proof is provided in Appendix [B:4 Compared with the upper bound obtained
here is tighter. For the weight quantization error term ||W — Q, (W)||r, ZipperQuant benefits

from an effectively larger ¢uax, as discussed in For the magnitude of @, (W), note
that it depends on the scaling factor SXY. According to , a larger bit-width yields a smaller
scaling factor. In conventional quantization, the scale is determined by the lower bit k1, whereas in
our design it is determined by the higher bit K, which further tightens the error bound.

4.3 ZIPPER ENGINE FOR GPU-CPU Co0-EXECUTION

Bit-level LUT for CPU acceleration. Although the high-order bits are extremely sparse and con-
tribute little arithmetic cost in theory, executing their matrix multiplications on the CPU still incurs
substantial latency. As shown in [Figure 4{a), the CPU path is nearly 100x slower than the 4-bit
GPU path, preventing fully parallel execution. The main bottleneck is that, despite targeting sparse
low-bit arithmetic, CPUs lack native low-bit support and must execute the high-order branch in
widened precision after dequantization, which negates the low-bit advantage. To overcome this,
we introduce a bit-level lookup table (LUT) mechanism that transforms multiplications with sparse
high-order bits into indexed table lookups, thereby eliminating dequantization and reducing over-
head. Moreover, since weights are much larger than activations and remain fixed during inference,
precomputing their high-order contributions enables frequent reuse. This makes lookup-based com-
putation substantially more efficient than direct multiplications, which repeatedly process the same
weight patterns with limited reuse. While inspired by the observation in T-MAC (Wei et al., [2025)
that LUT-based computation can be efficient on CPUs, our approach fundamentally differs: rather
than building a CPU-only engine, we integrate LUTs into a heterogeneous GPU-CPU workflow and
tailor them specifically for the sparse high-order bits in our bit-based disaggregation framework.

Specifically, as illustrated in [Figure 4(b), we retain offline only the weight rows containing outliers
(e.g., indices 0, 2, and 4). During inference, we transfer to the CPU only the activations at the
corresponding column positions. These activations are then grouped along the column dimension
with group size g (e.g., g = 3). For each group, we precompute and cache all 29 — 1 nonzero linear
combinations in a LUT, which can be repeatedly reused across multiple weight rows. This procedure
replaces GEMM with indexed LUT lookup followed by accumulation. Furthermore, the fine-grained
grouping strategy reveals intra-group sparsity: if a group’s bit pattern is ‘000’ (e.g., columns 1 and
3), its contribution is null and can be skipped. Otherwise, the corresponding precomputed value is
fetched by index and accumulated into the partial sum. Finally, partial sums from all groups are
aggregated on the CPU and returned to the GPU in a single DtoH transfer for integration.
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Table 1: Comparison of the perplexity score on WikiText2 and averaged accuracy on six zero-shot
commonsense reasoning tasks. The results of LLaMA3 for SmoothQuant|Xiao, Guangxuan and Lin,
Ji and Seznec, Mickael and Wu, Hao and Demouth, Julien and Han, Song| (2023b), GPTQ (Frantar
et al.| 2023)), QuaRot (Ashkboos et al.| 2025) were obtained using their publicly released codebase,

while AWQ (Lin et al., 2024), SpinQuant (Liu et al., 2025) results were quoted from their papers.
Full results are in the Appendix[E.2}

LLaMA-3.2 1BLLaMA-3.2 3BLLaMA3 8B Qwen3 4B Qwen3 8B Qwen3 14B Qwen3 32B

0-shot  Wiki 0-shot Wiki 0-shot Wiki O-shot Wiki0-shot WikiO-shot Wiki O-shot Wiki
Ag ) Az B Az D) Ae D) Avg D Ave () Avg ()

Precision Method

WI16A16 — 60.1 134 662 107 742 6.1 639 137 674 9.7 709 86 71.8 7.6
RTN 582 207 609 188 69.7 82 602 17.6 644 12.0 670 99 61.7 385
W4A16  GPTQ 576 173 617 152 68,6 72 614 145 66.0 103 69.5 92 70.0 83
AWQ 579 156 63.0 127 712 73 614 166 694 105 659 9.6 705 82
RTN 565 207 60.7 29.0 679 82 558 30.6 60.8 123 653 109 644 112

SmoothQuant 49.1  108.2 59.8 2885 644 10.7 57.0 22.6 60.8 125 65.0 11.0 64.1 18.2
W4A8  QuaRot 557 189 623 124 652 78 578 16.7 632 129 67.6 104 679 105
SpinQuant 582 153 63.8 11.6 721 6.7 57.6 17.1 63.9 12.1 679 102 682 103

RTN 426 1375 432 7419 454 241.6 383 8791 37.2 4392 38.4 18749 40.3 1796
SmoothQuant 38.9 2027.5 44.7 3723 379 867.5 37.3 9910 37.6 3360 37.5 21675 40.2 1806
W4A4  QuaRot 489 503 534 269 615 214 532 215 60.1 245 64.1 182 64.6 15.6

SpinQuant  52.0 448 575 224 655 18.6 542 21.7 60.6 259 64.6 17.5 649 16.0

Unifying bit-plane sparsity via sign restoration. Although computation can be reduced by eval-
uating only the channels containing weight outliers on the CPU, naively discarding the remaining
channels introduces substantial error. A key challenge is that high-order weight bits often encode
sign information that is not captured by the GPU computation. Moreover, under two’s-complement
encoding, negative values appear “l-sparse” in the high bits, while positive values are “0-sparse”,
resulting in asymmetric channel statistics. To address this, we equivalently rewrite the terms in
As shown in[Figure 3|c), when weights are stored as UINT4 on the GPU, nonnegative
entries remain unchanged. For negative entries, we perform sign restoration: subtracting 16 at those
positions on the GPU, while adding 16 to the corresponding CPU binary representation. This pro-
cedure both unifies the sparsity pattern and ensures correct handling of negative values. In practice,
we further divide GPU weights by 2 and compensate by multiplying the quantization scale by 2,
thereby preventing overflow in the INT4 representation.

5 EXPERIMENTS

5.1 SETUPS

Models and metric. We benchmark against two mainstream LLMs: the LLaMA-3
models (1B/3B/8B) and Qwen3 models (4B/8B/14B/32B). Follow-
ing previous works (Sun et al.| 2025} [Liu et al., 2025), we random samples the 128 prompts from
C4 dataset (Raffel et al., 2020) for calibration, each sentence with 2028 tokens. To evaluate the
commonsense reasoning capability of our method, we use six zero-shot evaluation tasks, including

ARC-Challenge, ARC-Easy (Clark et al., 2018), HellaSwag (Zellers et al., 2019), LAMBADA
perno et al.,[2016), PIQA(Bisk et al., 2020), and WinoGrande (Sakaguchi et al.,[2021). Additionally,
we also report the perplexity score on WikiText2 (Merity et al.,2017) datasets. All accuracy metrics

are tested on Im-eval 2024). We also evaluate the memory save and speedup.

Baselines. We compare ZipperQuant against six popular PTQ methods, including the naive quan-
tization method RTN (Yao et al, [2023)), the weight-only quantization GPTQ (Frantar et al., 2023)
and AWQ (Lin et al.| [2024), the weight-activation quantization SmoothQuant (Xiao, Guangxuan|
[and Lin, Ji and Seznec, Mickael and Wu, Hao and Demouth, Julien and Han, Song|, 2023b) and two
recent state-of-the-art methods QuaRot (Ashkboos et al., [2025), SpinQuant (Liu et al., 2025). See
Appendix [D.T|for more details.

Implementation details. Please refer to Appendix [E.T|fore more details.

Hardware. We evaluate ZipperQuant on two GPU-CPU platforms. Workstation: an NVIDIA
RTX 4090 (24 GB) GPU paired with an Intel Xeon Gold 6430 CPU and 120 GB DDRS host memory.
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Inference server: an NVIDIA L20 (48 GB) GPU paired with an Intel Xeon Platinum 8457C CPU
and 100 GB DDRS host memory.

Unless otherwise specified, the main figures and tables in this section report results on the RTX 4090
workstation, and we provide additional throughput results on the L20 server in Appendix [E3]

5.2 ACCURACY RESULTS

presents the comparison of WikiText-2 perplexity and average accuracy on six zero-shot
tasks for LLaMA-3 and Qwen3 models. See more details in Appendix [E.2}

Language generation tasks. In the W4AS8 setting, ZipperQuant outperforms all baselines and
achieves performance comparable to W16A16. For examples, on LLaMA3.2-3B, it improves over
the rotation-based SpinQuant by 0.5 perplexity points and reduces the gap to full precision to 0.4.
Moreover, ZipperQuant generally outperforms W4A16 across LLaMA models, lowering perplex-
ity by 0.5 to 1.6 points, attributable to its bit-based disaggregation that preserves outlier informa-
tion. When activations are further quantized to 4-bits, most methods exhibit substantial increases
in perplexity (e.g., SpinQuant and QuaRot), and some fail to produce meaningful results (e.g.,
SmoothQuant and RTN). ZipperQuant closes this gap by up to 15 points.

Zero-shot tasks. In the 4-bit weight and 8-bit activation setting, ZipperQuant achieves accuracy
comparable to W4A16 and in some cases surpasses it. For instance, on LLaMA-3.2 1B and 3B, it
exceeds AWQ by 0.7% and 1.3%, respectively. Additionally, when comes to W4A4, ZipperQuant
achieves strong performance without any retraining (as required by SpinQuant) and without incur-
ring online conversion overhead (as in QuaRot and SpinQuant). On Qwen family models, it provides
a 2.1% to 3.2% improvement, substantially outperforming prior state of the art. Nevertheless, since
both weights and activations are quantized to 4-bits, a gap to full precision still remains. ZipperQuant
respectively reduces this gap by up to 5.9% and 4.7% on LLaMA and Qwen models.

5.3 PERFORMANCE ANALYSIS

End-to-end speedups. summarizes the end-to-end gains of ZipperQuant over FP16
TensorRT-LLM and recent quantization systems. On an RTX 4090, ZipperQuant (W4A4) reaches
124.8-817.9 tokens/s across batch sizes 1-8, delivering about 1.8-2.1x higher decoding throughput
than the FP16 TensorRT-LLM engine and 1.6-2.3x over AWQ. Relative to prior W4A4 methods,
it is 7-14x faster, while staying within roughly 3-22% of the W4A8 QServe system despite using
lower-precision weights. Because both weights and activations are quantized and kept on GPU, Zip-
perQuant accelerates both the compute-bound prefill phase (up to 3.01 x) and the memory/IO-bound
decoding phase (up to 1.90%), and enables models such as Qwen3-14B to run fully in 24 GB GPU
memory without CPU offloading, yielding up to 3.10x end-to-end speedup.

End-to-end memory save. shows the GPU = FPI6 EEM AWQ NN ZipperQuant

memory footprint during inference for LLaMA3 8B 81 G

and Qwen3 14B. ZipperQuant reduces the original 8B § §20 3.70x  3.93x
model size from 16.4 GB to 4.4 GiB, yielding over- 2% 215 l
all compression ratios of 3.73x and 3.93x on 8B and ¢ ; g0

14B, respectively. Since both weights and activations é é 5

are quantized, our method further reduces memory by = °wieais waais waas O wieals waale  waas
an additional 0.4 GiB on both the 8B and 14B models Figure 6: Inference Memory of Zip-
relative to weight-only AWQ. perQuant and baselines on LLaMA3 8B

Cost of the CPU path. A natural concern is that sendingag&igavﬁ%l}% %g laie CPU for high-order bit
LUT computations might introduce prohibitive overhead. However, our implementation pipelines
activation quantization and device-to-host transfers with the GPU INT4 GEMM, so the two pro-
cesses run in parallel rather than sequentially. The latency breakdown in Appendix Table [8] shows
that CPU LUT computation and PCle transfers contribute only a bounded additional cost and do not
dominate the end-to-end latency, which is consistent with the strong throughput reported in Table[2]
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Figure 5: End-to-end throughput and speedups of ZipperQuant (W4A4) compared to FP16
TensorRT-LLM, AWQ, QuaRot, FlatQuant, and QServe on an RTX 4090.

Table 2: End-to-end decoding throughput (tokens/s) under different batch sizes. All methods are
evaluated on the same model and GPU with greedy decoding.

Method Batch size=1 Batch size=2 Batch size=4 Batch size=8
TensorRT-LLM (W16A16) 61.18 117.10 228.00 418.20
AWQ (W4A4) 55.20 116.50 191.80 506.40
QuaRot (W4AS) 11.20 20.40 46.20 101.20
QServe (W4A8) 128.90 264.24 520.70 1015.20
FlatQuant (W4A4) 9.40 17.90 35.72 72.66
QuaRot (W4A4) 14.90 27.70 55.30 110.30

5.4 INTEGRATE WITH SPINQUANT

Rotation-based quantization reduces outlier magnitudes through online and offline rotations, but di-
rect 4-bit quantization still introduces substantial quantization error. Zipper engine mitigates this by
employing bit-based disaggregation to offload high-order outlier bits to the CPU, thereby preserving
GPU compute efficiency and inference accuracy. [Table 3| presents results that based on SpinQuant
on LLaMA3 3B and 8B, the Zipper engine disaggregated INT6 into INT2 on the CPU and INT4 on
the GPU, and evaluates six zero-shot tasks along with WikiText-2 perplexity. Zipper lowers Spin-
Quant perplexity by 6.9 and 6.3 points on the 3B and 8B models, respectively. Moreover, bit-based
disaggregation improves average accuracy by 3.2% for 3B and 1.5% for 8B on zero-shot tasks,
particularly gains up to 4.4% on ARC-C task.

5.5 ABLATION STUDY

As illustrate in we present a series of ablation studies for SpinQuant on the LLaMA fam-
ily 3B and 8B models. First, under 4-bit quantization, both naive quantization and smoothing lead
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Table 3: SpinQuant integrated with Zipper: INT6 disaggregated to 2-bits on CPU and 4-bits on GPU
on LLaMA3 3B and 8B, reporting zero-shot accuracy on six tasks and WikiText-2 perplexity.

Model  Precision Method ARC-C ARC-E HellaSwag PIQA Winogrande LAMBADA Avg. Wiki2 (])

WI16A16 - 47.6 69.9 71.0 76.0 66.6 65.9 66.2 10.7

LLaMA .
323B SpinQuant 43.7 54.6 56.3 66.7 65.5 57.9 57.5 22.4
T W4A4  ZipperQuant 458 58.1 63.5 70.3 64.5 61.6 60.6 20.6
W16A16 - 57.7 71.6 79.6 80.7 73.7 75.6 62.7 6.1

LLaMA3

;B SpinQuant 45.9 66.5 759 68.0 68.5 67.9 65.5 18.6
W4A4  ZipperQuant  47.9 69.2 73.5 73.6 71.3 70.1 67.6 16.5

Table 4: Ablation study of ZipperQuant on Figure 7: Ablation study of Zip-
LLaMA-3.2 3B and LLaMA3 8B, reporting the perQuant prefill and decoding throughput
average accuracy on six zero-shot tasks and on LLaMA3 8B.

WikiText-2 perplexity.

N FP16 I w/o sparsity LUT
[ Naive GEMM W sparsity LUT

LLaMA-3.2 3B LLaMA3 8B
0-shot Wiki O-shot Wiki

Avg. () Avg. (D)

WI16A16 - 662 107 742 6.1
Naive 4-bits 412 7439 462 243.7
Smoothing ~ 44.6 3723 378 867.5

W4A4  w/o Smoothing 46.5 2658 45.1 4375
ZipperQuant  60.6  20.6 67.6 165

Precision Method

Prefill (token/s)
Decoding (token/s)

to substantial accuracy degradation. Although smoothing the quantized results offers a slight im-
provement over conventional quantization, the performance remains unsatisfactory. Compared with
applying ZipperQuant directly without smoothing, zero-shot accuracy decreases by at least 15.1%,
and perplexity increases markedly. While this preserves weight precision, it fails to account for

outliers in activations which have larger magnitudes (see [Figure 2), thereby causing a significant
increase in activation quantization error.

compares the impact of different CPU computation strategies on prefill and decoding
throughput for LLaMA3-8B. Executing high-order bits on the CPU with naive GEMM introduces
substantial latency and can underperform the FP16 baseline. The slowdown is most pronounced in
prefill, reaching up to 101, due to online dequantization of high-order bits and the CPU’s lower
throughput for large matrix multiplications relative to the GPU. Replacing GEMM with a non-
sparse LUT reduces latency but remains slower than the sparse LUT by 1.38x in prefill and 1.21 x
in decoding. Overall, decoding is less costly than prefill since it processes fewer activations, which
shortens CPU online table construction.

6 CONCLUSION

In this work, we introduce a novel 4-bit quantization paradigm ZipperQuant that achieves accurate,
efficient LLM inference via bit-based disaggregation across GPU and CPU. We further develop a
Zipper engine that enables seamless parallel execution on GPU and CPU. On the CPU, matrix op-
erations for high-order bit planes are replaced with LUT computations, which avoid dequantization
overhead. On mainstream LLMs using an RTX 4090, ZipperQuant maintains accuracy and achieves
up to a 3.01 x speedup over a W4A16 baseline, demonstrating practical W4A4 inference when out-
liers are handled on both GPU and CPU. This result supports efficient deployment of large-scale
LLMs on heterogeneous GPU-CPU systems and broadens the scope of interactive Al applications.

REFERENCES

Josh Achiam, Steven Adler, Sandhini Agarwal, Lama Ahmad, Ilge Akkaya, Florencia Leoni Ale-
man, Diogo Almeida, Janko Altenschmidt, Sam Altman, Shyamal Anadkat, et al. Gpt-4 technical
report. arXiv preprint arXiv:2303.08774, 2023.

10



Under review as a conference paper at ICLR 2026

Saleh Ashkboos, Amirkeivan Mohtashami, Maximilian L. Croci, Bo Li, Pashmina Cameron, Martin
Jaggi, Dan Alistarh, Torsten Hoefler, and James Hensman. Quarot: outlier-free 4-bit inference in
rotated llms. In International Conference on Neural Information Processing Systems (NeurIPS),

2025.

Shraddha Barke, Michael B. James, and Nadia Polikarpova. Grounded copilot: How programmers
interact with code-generating models. Proc. ACM Program. Lang., 7(OOPSLA1), April 2023.
doi: 10.1145/3586030. URL https://doi.org/10.1145/3586030.

Yonatan Bisk, Rowan Zellers, Jianfeng Gao, Yejin Choi, et al. Piga: Reasoning about physical com-
monsense in natural language. In Proceedings of the AAAI conference on artificial intelligence
(AAAI), volume 34, pp. 7432-7439, 2020.

Shiyi Cao, Shu Liu, Tyler Griggs, Peter Schafhalter, Xiaoxuan Liu, Ying Sheng, Joseph E Gonza-
lez, Matei Zaharia, and Ion Stoica. Moe-lightning: High-throughput moe inference on memory-
constrained gpus. In Architectural Support for Programming Languages and Operating Systems
(ASPLOS), pp. 715-730, 2025.

Peter Clark, Isaac Cowhey, Oren Etzioni, Tushar Khot, Ashish Sabharwal, Carissa Schoenick, and
Oyvind Tafjord. Think you have solved question answering? try arc, the ai2 reasoning challenge.
arXiv preprint arXiv:1803.05457, 2018.

Tim Dettmers, Mike Lewis, Younes Belkada, and Luke Zettlemoyer. LIm.int8(): 8-bit matrix multi-
plication for transformers at scale. In Proceedings of the 36th International Conference on Neural
Information Processing Systems, NIPS 22, Red Hook, NY, USA, 2022. Curran Associates Inc.
ISBN 9781713871088.

Zhiyuan Fang, Yuegui Huang, Zicong Hong, Yufeng Lyu, Wuhui Chen, Yue Yu, Fan Yu, and Zibin
Zheng. Klotski: Efficient mixture-of-expert inference via expert-aware multi-batch pipeline.
In Architectural Support for Programming Languages and Operating Systems (ASPLOS), pp.
574-588, 2025.

Elias Frantar, Saleh Ashkboos, Torsten Hoefler, and Dan Alistarh. Gptq: Accurate post-training
quantization for generative pre-trained transformers. In International Conference on Learning
Representations (ICLR), 2023.

Leo Gao, Jonathan Tow, Baber Abbasi, Stella Biderman, Sid Black, Anthony DiPofi, Charles Fos-
ter, Laurence Golding, Jeffrey Hsu, Alain Le Noac’h, Haonan Li, Kyle McDonell, Niklas Muen-
nighoff, Chris Ociepa, Jason Phang, Laria Reynolds, Hailey Schoelkopf, Aviya Skowron, Lintang
Sutawika, Eric Tang, Anish Thite, Ben Wang, Kevin Wang, and Andy Zou. The language model
evaluation harness, 07 2024.

ggml org. llama.cpp. https://github.com/ggml-org/llama.cpp) 2025.

Aaron Grattafiori, Abhimanyu Dubey, Abhinav Jauhri, Abhinav Pandey, Abhishek Kadian, Ahmad
Al-Dahle, Aiesha Letman, Akhil Mathur, Alan Schelten, Alex Vaughan, et al. The llama 3 herd
of models. arXiv preprint arXiv:2407.21783, 2024.

Wei Huang, Haotong Qin, Yangdong Liu, Yawei Li, Qinshuo Liu, Xianglong Liu, Luca Benini,
Michele Magno, Shiming Zhang, and XIAOJUAN QI. Slim-LLM: Salience-driven mixed-
precision quantization for large language models. In International Conference on Machine Learn-
ing (ICML), 2025.

Muyang Li, Yujun Lin, Zhekai Zhang, Tianle Cai, Xiuyu Li, Junxian Guo, Enze Xie, Chenlin Meng,
Jun-Yan Zhu, and Song Han. Svdquant: Absorbing outliers by low-rank components for 4-bit
diffusion models. In International Conference on Learning Representations (ICLR), 2025.

Ji Lin, Jiaming Tang, Haotian Tang, Shang Yang, Wei-Ming Chen, Wei-Chen Wang, Guangxuan
Xiao, Xingyu Dang, Chuang Gan, and Song Han. Awq: Activation-aware weight quantization for
on-device llm compression and acceleration. In Proceedings of Machine Learning and Systems
(MLSys), volume 6, pp. 87-100, 2024.

11


https://doi.org/10.1145/3586030
https://github.com/ggml-org/llama.cpp

Under review as a conference paper at ICLR 2026

Yujun Lin, Haotian Tang, Shang Yang, Zhekai Zhang, Guangxuan Xiao, Chuang Gan, and Song
Han. Qserve: W4a8kv4 quantization and system co-design for efficient 1lm serving. In Proceed-
ings of Machine Learning and Systems (MLSys), 2025.

Zechun Liu, Changsheng Zhao, Igor Fedorov, Bilge Soran, Dhruv Choudhary, Raghuraman Krish-
namoorthi, Vikas Chandra, Yuandong Tian, and Tijmen Blankevoort. Spinquant: Llm quanti-
zation with learned rotations. In International Conference on Learning Representations (ICLR),
2025.

Stephen Merity, Caiming Xiong, James Bradbury, and Richard Socher. Pointer sentinel mixture
models. In International Conference on Learning Representations (ICLR), 2017.

NVIDIA. Nvidia blackwell architecture technical brief, February 2024. URL https://
resources.nvidia.com/en—-us—-blackwell-architecture.

Denis Paperno, German Kruszewski, Angeliki Lazaridou, Ngoc Quan Pham, Raffaella Bernardi,
Sandro Pezzelle, Marco Baroni, Gemma Boleda, and Raquel Ferndndez. The LAMBADA dataset:
Word prediction requiring a broad discourse context. In Proceedings of the 54th Annual Meeting
of the Association for Computational Linguistics (ACL), pp. 1525-1534, 2016.

Colin Raffel, Noam Shazeer, Adam Roberts, Katherine Lee, Sharan Narang, Michael Matena, Yanqi
Zhou, Wei Li, and Peter J. Liu. Exploring the limits of transfer learning with a unified text-to-text
transformer. J. Mach. Learn. Res., 21(1), 2020.

Keisuke Sakaguchi, Ronan Le Bras, Chandra Bhagavatula, and Yejin Choi. Winogrande: an adver-
sarial winograd schema challenge at scale. Commun. ACM, 64(9):99-106, 2021.

Wengqi Shao, Mengzhao Chen, Zhaoyang Zhang, Peng Xu, Lirui Zhao, Zhiqian Li, Kaipeng Zhang,
Peng Gao, Yu Qiao, and Ping Luo. Omniquant: Omnidirectionally calibrated quantization for
large language models. In International Conference on Learning Representations (ICLR), 2024.

Ying Sheng, Lianmin Zheng, Binhang Yuan, Zhuohan Li, Max Ryabinin, Beidi Chen, Percy Liang,
Christopher Ré, Ion Stoica, and Ce Zhang. Flexgen: High-throughput generative inference of
large language models with a single gpu. In International Conference on Machine Learning
(ICML), pp. 31094-31116, 2023.

Yixin Song, Zeyu Mi, Haotong Xie, and Haibo Chen. Powerinfer: Fast large language model
serving with a consumer-grade gpu. In Symposium on Operating Systems Principles (SOSP), pp.
590-606, 2024.

Yuxuan Sun, Ruikang Liu, Haoli Bai, Han Bao, Kang Zhao, Yuening Li, Xianzhi Yu, Lu Hou,
Chun Yuan, Xin Jiang, et al. Flatquant: Flatness matters for llm quantization. In International
Conference on Machine Learning (ICML), 2025.

Gemini Team, Rohan Anil, Sebastian Borgeaud, Jean-Baptiste Alayrac, Jiahui Yu, Radu Soricut,
Johan Schalkwyk, Andrew M Dai, Anja Hauth, Katie Millican, et al. Gemini: a family of highly
capable multimodal models. arXiv preprint arXiv:2312.11805, 2023.

Xiao, Guangxuan and Lin, Ji and Seznec, Mickael and Wu, Hao and Demouth, Julien and Han,
Song. Smoothquant: Accurate and efficient post-training quantization for large language models.
In International Conference on Machine Learning (ICML), pp. 38087-38099, 2023a.

Xiao, Guangxuan and Lin, Ji and Seznec, Mickael and Wu, Hao and Demouth, Julien and Han,
Song. Smoothquant: Accurate and efficient post-training quantization for large language models.
In International conference on machine learning (ICML), pp. 38087-38099, 2023b.

Arun James Thirunavukarasu, Darren Shu Jeng Ting, Kabilan Elangovan, Laura Gutierrez,
Ting Fang Tan, and Daniel Shu Wei Ting. Large language models in medicine. Nature Medicine,
29(8):1930-1940, 2023.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez,
Lukasz Kaiser, and Illia Polosukhin. Attention is all you need. In Proceedings of the 31st Inter-
national Conference on Neural Information Processing Systems, NIPS’17, pp. 6000-6010, Red
Hook, NY, USA, 2017. Curran Associates Inc. ISBN 9781510860964.

12


https://resources.nvidia.com/en-us-blackwell-architecture
https://resources.nvidia.com/en-us-blackwell-architecture

Under review as a conference paper at ICLR 2026

Haodong Wang, Qihua Zhou, Zicong Hong, and Song Guo. D? moe: Dual routing and dynamic
scheduling for efficient on-device moe-based llm serving. In Mobile Computing and Networking
(MobiCom), 2025.

Jianyu Wei, Shijie Cao, Ting Cao, Lingxiao Ma, Lei Wang, Yanyong Zhang, and Mao Yang. T-mac:
Cpu renaissance via table lookup for low-bit llm deployment on edge. In European Conference
on Computer Systems (EuroSys), pp. 278-292, 2025.

Daliang Xu, Hao Zhang, Liming Yang, Ruiqi Liu, Gang Huang, Mengwei Xu, and Xuanzhe Liu.
Fast on-device llm inference with npus. In Proceedings of the 30th ACM International Confer-
ence on Architectural Support for Programming Languages and Operating Systems, Volume 1,
ASPLOS 25, pp. 445-462, New York, NY, USA, 2025. Association for Computing Machin-
ery. ISBN 9798400706981. doi: 10.1145/3669940.3707239. URL https://doi.org/10.
1145/3669940.3707239.

An Yang, Anfeng Li, Baosong Yang, Beichen Zhang, Binyuan Hui, Bo Zheng, Bowen Yu,
Chang Gao, Chengen Huang, Chenxu Lv, et al. Qwen3 technical report. arXiv preprint
arXiv:2505.09388, 2025.

Zhewei Yao, Xiaoxia Wu, Cheng Li, Stephen Youn, and Yuxiong He. Zeroquant-v2: Exploring
post-training quantization in 1lms from comprehensive study to low rank compensation. arXiv
preprint arXiv:2303.08302, 2023.

Rowan Zellers, Ari Holtzman, Yonatan Bisk, Ali Farhadi, and Yejin Choi. HellaSwag: Can a ma-
chine really finish your sentence? In Proceedings of the 57th Annual Meeting of the Association
for Computational Linguistics (ACL), pp. 4791-4800, 2019.

Tianchen Zhao, Tongcheng Fang, Haofeng Huang, Enshu Liu, Rui Wan, Widyadewi Soedarmadji,
Shiyao Li, Zinan Lin, Guohao Dai, Shengen Yan, et al. Vidit-q: Efficient and accurate quanti-
zation of diffusion transformers for image and video generation. In International Conference on
Learning Representations (ICLR), 2025.

Xuanlei Zhao, Bin Jia, Haotian Zhou, Ziming Liu, Shenggan Cheng, and Yang You. Hetegen: Effi-
cient heterogeneous parallel inference for large language models on resource-constrained devices.
In Proceedings of Machine Learning and Systems (MLSys), 2024a.

Yilong Zhao, Chien-Yu Lin, Kan Zhu, Zihao Ye, Lequn Chen, Size Zheng, Luis Ceze, Arvind
Krishnamurthy, Tiangi Chen, and Baris Kasikci. Atom: Low-bit quantization for efficient and
accurate llm serving. In Proceedings of Machine Learning and Systems (MLSys), pp. 196-209,
2024b.

A THE USE OF LLMSs

We employed LLMs (e.g., ChatGPT) solely for editorial assistance (grammatical, phrasing, and
stylistic refinement). This model did not participate in the generation of primary methods, analyt-
ical implementation, or experimental design, nor did it influence research methodology, results, or
conclusions. All technical content was authored and verified by the authors.

B PROOFS

B.1 PROOF OF THEOREM 1

Theorem 4.1. The k-bit quantization error E(X, W) = || XW — Q(X)Qr(W)||r upper bound
can be computed as follows:

EX, W) < [[X[[p[[W = Qu(W)[r + [|Qx(W)||#[IX = Qr(X)][r. ©)
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Proof.
[XW — Qi(X)Qk(W)||p = XW — XQr(W) + XQk(W) — Qi(X)Qr(W)|
< | X(W = Qu(W) || + [|Qk(W) (X = Q(X)) ||
< X[ W = Qe(W)llr + QW) pX = Qr(X) | F.

O
B.2 PROOF OF THEOREM 2
Theorem 4.2. The k-bit quantized weight error upper bound can be computed as follows:
max(|W|])y/mn
IW - Qu(w)| < 2 (10)
Proof.
w w
W — Qr(W)|p = |[s - W sy" - round (Szzv> .
w
W
=|sp' |- ? — round (s,‘;") B
w w
w
< |sp¥ |- v/mn y — round <5¥V> HOO
w, vmn  max(|W|)y/mn

The first inequality follows from the relationship between the Frobenius and infinity norms. For
1/2 1/2

any matrix W € R, [Wilp = (S,5w) " < (S, IWIL) T = Vi [W]la. The

second inequality follows from the uniform rounding error bound. For each element w;; of W,

Wij Wij 1 1

W fround(sxv> e[-3,1]. O

B.3 PROOF OF BIT-PLANE SLICING

For an arbitrary K-bit signed integer weight matrix Q)Y and any split index 0 < k; < K, the
bit-plane slicing can be written as:

Q' =2" - Q) + Uy

where UXY and QXZ are the k;-bit unsigned and ko-bit signed representations of W, respectively.
Proof. Let {BM} o1 € {0,117 denotes the i—th bit-plane of Q)Y , thus

K-2
Q‘[y _ _2K—1B(K—1) + Z 2LB(Z)

i=0
K—2 ki—1
= —2FIBUE=D L N "9l B() 4 " 2B
i=ky i=0
K—2—k ki—1
— ok _<_2K—1—k1B(K—1) i Z QiB(i)> I Z 2B
i=0 i=0
k2—2 k}l—l
i=0 i=0

=2 QN + U,
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B.4 PROOF OF THEOREM 3

Theorem 4.3. The upper bound of ZipperQuant error can be described as follows:

BEX, W) < ||X|[p[|W = Uy, (W) = 25 Qu, (W) [ + [|Uk, (W)[| £ | X = Qk, (X)[[ - (11)
Proof.
B(X, W) = | XW — Qi (X)Us, (W) =X 22 Qi (W)
= |XW — Qu, (X)Up,, (W) — XUy, (W) + XUy, (W) — X 251 Qy,, (W) H

F
= |Ix (w — Uy, (W) = 2MQ,, (W)) + Ui, (W) (X - Qr, (X))

F

< X (W = U (W) =25 Qu (W) || + [0, (W) (X = Qi (%))
< X[ [[W = v (W) = 2@ (W)||+ |[on (W)X - @u (%)
F F F F
O
C QUANTIZATION
C.1 UNSIGNED INTEGER QUANTIZATION
For a non-negative tensor X € R**™ the k-bit unsigned symmetric quantization is defined as
X X
UX = round(SX) , sk= m;x()’ (12)
k max

where U denotes the k-bit unsigned integer representation of X, s is the scaling factor, and gmax
is the maximum representable integer. For k-bit unsigned integers, gmax = 2* — 1. The correspond-
ing dequantized tensor is Uy (X) = s UX. For a linear layer with non-negative activation X and
weight W, the quantized computation can be expressed as

XW = Up(X)Up(W) = sis)V - UXUW. (13)

D BENCHMARK DETAILS

D.1 BASELINES
We benchmark our methods compared with the following six baselines:

* RTN (Yao et al.l |2023) employs uniform rounding-to-nearest with fixed scaling to quantize
weights and activations without calibration, thereby offering a almost zero-cost baseline at the
expense of larger accuracy loss.

* GPTQ (Frantar et al., [2023) employs post-training, Hessian-aware greedy weight quantization
while applying error compensation to previously quantized rows, thereby preserving accuracy
under W4A16.

* AWQ (Lin et al.| 2024) employs activation-aware weight clipping and per-channel scaling while
prioritizing salient channels, thereby achieving accurate W4A16 quantization with light calibra-
tion.

* SmoothQuant (X1ao, Guangxuan and Lin, Ji and Seznec, Mickael and Wu, Hao and Demouth,
Julien and Han, Songl 2023b) employs channel-wise scaling to shift activation outliers into
weights while smoothing activation distributions, thereby enabling W8AS8 quantization with min-
imal degradation.
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* QuaRot (Ashkboos et all,[2025) employs online Hadamard-based orthogonal rotations to on-the-
fly disperse outliers and quantize in the rotated space, thereby enabling W4 A4 quantization with
minimal overhead and small loss.

e SpinQuant (Liu et al., [2025) employs learned orthogonal rotations to homogenize weights and
activations magnitudes while reducing outliers, thereby enabling W4A4 quantization with im-

proved stability.

E ADDITIONAL RESULTS

E.1 IMPLEMENTATION DETAILS

We perform quantization on a single H20 with 96 GB of memory.and-inference-is-evaluated-on—a
machine-with-one-RTX 4 B nd-apnInte eon old-64

ory At inference time, we evaluate ZipperQuant on two GPU-CPU platforms including a common
workstation RTX 4090 and a inference server L20 (see Sectionls;flfor more details) . We implement
INT4 multiplication on Tensor Cores using NVIDIA CUTLASS, and realize the CPU LUT with the
AVX2 instruction set. For W4A8 quantization, we use per-token dynamic activation quantization
and per-channel weight quantization. For the 4-bit setting, we adopt per-group and per-channel
symmetric quantization for activations and weights, respectively. INT4 quantization uses a group
size of 64 with 16-bit scales. For ZipperQuant setting, we choose K = 6, k; = 4 and ko = 2.

The smoothing factor A € R™ is a per-channel vector whose i-th element is computed as \; =
max(|X. ;|)*/ max(|W,.[)1~* where X € R™*™ and W € R™*" following SmoothQuant (Xiao,
Guangxuan and Lin, Ji and Seznec, Mickael and Wu, Hao and Demouth, Julien and Han, Song,
2023b). The migration strength « is chosen offline, per layer, by searching for the value that mini-
mizes the layer output mean squared error (MSE) after ZipperQuant on the calibration dataset.

For the baselines, we run AWQ (Lin et al.} 2024), FlatQuant (Sun et al.l |2025), QuaRot (Ashkboos

2025)), and QServe (Lin et al.| 2025)) using their publicly released implementations. For AWQ,
FlatQuant, and QuaRot, we adopt the official PyTorch-based code and recommended W4A4/W4A8

configurations for each model, and ensure that all methods share the same decoding setup (greedy
decoding), batch sizes, and sequence lengths on the same GPU. For QServe, we build its C++/CUDA
runtime following the official instructions and evaluate the W4AS8 configuration on the same hard-
ware and workload as ZipperQuant. All throughput measurements are collected after warm-up runs
to avoid initialization overhead.

E.2 ZERO-SHOT TASK RESULTS

In[Table 3] and [Table 6 we show the complete results of [Table 1} including ARC-Challenge, ARC-
Easy (Clark et al.| [2018), HellaSwag (Zellers et al] [2019), LAMBADA (Paperno et al| 2016),
PIQA(Bisk et al., 2020), and WinoGrande (Sakaguchi et al., 2021). Additionally, we also report the
perplexity score on WikiText2 (Merity et al.,|2017) datasets. We compare our results with previous
works including RTN (Yao et al., 2023), GPTQ (Frantar et al 2023), AWQ (Lin et al.| [2024),
SmoothQuant (Xiao, Guangxuan and Lin, Ji and Seznec, Mickael and Wu, Hao and Demouth,|
{Julien and Han, Song} [2023b), QuaRot (Ashkboos et al.,2025) and SpinQuant (Liu et al., |2025).
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Table 5: Complete comparison of the perplexity score on WikiText2 and averaged accuracy on six
zero-shot tasks on LLaMA3 1B/3B/8B.

Model Precision Method ARC-C ARC-E HellaSwag PIQA Winogrande LAMBADA Avg. Wiki2 (])

WI16A16 - 38.7 65.2 60.7 753 60.9 59.6 60.1 13.4
W4A16 RTN 40.0 62.6 56.6 722 59.9 57.8 582 207
W4A16 GPTQ 385 61.7 56.4 714 58.7 59.3 57.6 17.3
W4A16 AWQ 38.4 63.6 56.4 725 57.9 58.7 57.9 15.6
W4A8 RTN 38.7 62.4 56.6 72.1 58.6 50.6 565 207
1B W4A8  SmoothQuant  30.7 47.6 476 64.9 529 50.8 491 1082
W4A8 QuaRot 374 58.7 57.3 68.9 55.5 56.2 55.7 189
W4A8 SpinQuant 39.5 60.8 57.7 732 60.3 574 58.2 15.3
| W4A8  ZipperQuant 386 636 579 737 605 589 589 151 |
W4A4 RTN 28.3 37.8 35.9 56.4 51.4 458 426 1375
W4A4  SmoothQuant  26.4 323 28.7 54.7 48.0 436 389  2027.8
W4A4 QuaRot 28.4 59.1 45.6 60.3 49.8 50.5 489 503
W4A4  SpinQuant 29.7 59.2 51.0 69.7 50.8 51.7 520 448
| W4A4  ZipperQuant 328 604 532 698 538 550 542 289 |
WI16A16 - 47.6 69.9 71.0 76.0 66.6 65.9 66.2 10.7
W4A16 RTN 413 60.2 66.2 73.1 63.0 61.6 60.9 18.8
W4A16 GPTQ 414 60.8 65.9 73.6 65.0 63.4 61.7 152
W4A16 AWQ 435 66.7 65.8 75.8 62.7 63.8 63.0 12.7
W4A8 RTN 426 60.2 66.2 72.6 62.7 60.1 60.7  29.0
3B W4A8  SmoothQuant  40.7 59.5 65.5 73.8 58.5 60.7 598 2885
W4A8 QuaRot 429 64.3 68.1 726 64.8 61.2 62.3 124
W4A8 SpinQuant 442 65.9 68.3 748 65.9 63.8 63.8 116
| WA4A8  ZipperQuant 462 658 692 751 657 639 643 1Ll
W4A4 RTN 29.8 41.0 414 573 50.9 38.9 432 7419
W4A4  SmoothQuant  30.5 43.6 37.7 58.0 529 453 47 3723
W4A4 QuaRot 40.6 49.9 51.2 61.9 61.4 55.2 534 269
W4A4  SpinQuant 437 54.6 56.3 66.7 65.5 57.9 575 224
| W4A4  ZipperQuant 458 581 635 703 645 616 606 206
WI16A16 - 577 77.6 79.6 80.7 73.7 75.6 742 6.1
W4A16 RTN 48.1 73.7 75.5 77.1 73.4 70.2 69.7 8.2
W4A16 GPTQ 46.8 71.5 73.9 76.6 70.7 723 68.6 72
W4A16 AWQ 483 74.6 78.0 793 733 73.5 712 73
W4A8 RTN 48.1 732 755 77.1 72.5 60.7 67.9 8.2
8B W4A8  SmoothQuant  41.0 67.5 70.8 74.9 69.1 63.2 64.4 10.7
W4A8 QuaRot 433 68.0 729 75.1 65.8 65.8 65.2 7.8
W4A8 SpinQuant 54.0 76.5 775 79.6 724 724 72.1 6.7
[ W4A8  ZipperQuant 548 755 7719 792 738 739 725 66 |
W4A4 RTN 295 427 412 57.8 494 51.6 454 2416
W4A4  SmoothQuant 263 36.3 31.4 529 34.6 457 37.9 8675
W4A4 QuaRot 41.6 62.0 64.9 75.1 62.3 63.3 615 214
W4A4  SpinQuant 459 66.5 75.9 68.0 68.5 67.9 65.5 18.6
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Table 6: Complete comparison of the perplexity score on WikiText2 and averaged accuracy on six
zero-shot tasks on Qwen3 4B/8B/14B/32B.

Model Precision Method ARC-C ARC-E HellaSwag PIQA Winogrande LAMBADA Avg. Wiki2 (])

WI16A16 - 50.6 80.5 522 75.0 65.8 59.4 63.9 13.7
W4A16 RTN 447 75.3 48.6 732 61.8 57.9 60.2 17.6
W4A16 GPTQ 454 76.6 50.1 744 63.9 58.2 61.4 14.5
W4A16 AWQ 462 76.6 50.1 73.8 63.1 58.5 61.4 16.6
W4A8 RTN 423 68.7 458 68.8 53.9 55.1 558  30.6
4B W4A8  SmoothQuant  42.2 69.5 46.1 715 57.5 55.0 570 226
W4A8 QuaRot 433 70.5 483 71.7 57.9 55.4 57.8 16.7
W4AS8 SpinQuant 442 70.2 48.1 70.9 574 54.8 57.6 17.1
| W4A8  ZipperQuant 463 748 503 728 615 550 6001 153 |
W4A4 RTN 26.7 28.6 24.7 489 51.8 489 383 8791
W4A4  SmoothQuant  22.6 259 25.6 51.6 479 50.2 373 9910
W4A4 QuaRot 39.8 65.7 443 62.5 54.6 524 532 215
W4A4  SpinQuant 40.9 66.9 457 61.9 54.9 55.0 542 217
| W4A4  ZipperQuant 436 704 481 650 602 546 570 189 |
WI16A16 - 55.5 83.5 57.1 76.4 68.0 67.4 - 9.71
W4A16 RTN 53.8 79.1 53.8 754 63.6 60.6 644 120
W4A16 GPTQ 55.6 80.1 55.6 76.0 66.1 62.8 660 103
W4A16 AWQ 59.7 83.1 59.7 79.4 72.0 62.7 69.4 10.5
W4A8 RTN 45.8 73.4 50.8 73.1 62.9 58.7 60.8 12.3
8B W4A8  SmoothQuant  44.3 71.0 51.7 734 62.1 60.0 60.8 12.5
W4A8 QuaRot 53.9 77.8 51.9 727 62.6 60.5 63.2 12.9
W4A8 SpinQuant 542 79.2 52.0 727 63.8 61.3 63.9 12.1
W4A4 RTN 226 249 28.0 489 51.8 46.9 372 4392
W4A4  SmoothQuant  25.7 25.5 26.7 50.5 522 449 376 3360.1
W4A4 QuaRot 49.8 74.8 498 68.3 60.7 57.1 60.1 24.5
W4A4  SpinQuant 50.2 75.6 50.6 68.3 61.1 58.0 60.6 259
| W4A4  ZipperQuant 518 772 520 709 614 587 620 214 |
WI16A16 - 59.0 84.3 60.9 80.0 729 68.4 70.9 8.6
W4A16 RTN 51.8 80.6 58.9 77.9 68.7 64.4 67.0 9.9
W4A16 GPTQ 57.1 81.9 59.6 78.8 72.5 66.9 69.5 9.2
W4A16 AWQ 51.7 79.2 55.6 76.0 66.1 66.5 65.9 9.6
W4A8 RTN 50.7 79.5 57.2 753 66.9 62.0 65.3 10.9
14B° W4A8  SmoothQuant  50.5 79.0 57.0 75.8 66.3 61.3 65 11.0
W4A8 QuaRot 56.4 80.7 57.6 76.9 68.5 65.8 67.6 10.4
W4A8 SpinQuant 56.2 81.2 57.6 772 68.9 66.3 67.9 102
| W4A8  ZipperQuant 554 824 585 783 690 664 683 99 |
W4A4 RTN 248 239 26.9 55.7 48.6 50.7 384 18749
W4A4  SmoothQuant  26.5 25.8 25.8 51.2 50.2 453 375 21675
W4A4 QuaRot 52.8 76.4 54.1 73.6 65.0 62.8 64.1 182
W4A4  SpinQuant 532 77.8 54.6 729 65.5 63.4 64.6 175
W16A16 - 57.8 84.4 63.9 80.9 73.6 70.3 71.8 7.6
W4A16 RTN 49.7 73.0 444 71.9 62.9 68.5 617 385
W4A16 GPTQ 57.8 82.6 62.7 79.7 67.6 69.8 70.0 8.3
W4A16 AWQ 56.9 82.5 63.1 79.8 71.8 68.7 70.5 8.2
W4A8 RTN 49.5 76.3 60.7 729 65.3 62.0 64.4 112
32B W4A8  SmoothQuant  49.2 75.8 61.2 714 63.5 63.7 64.1 116
W4A8 QuaRot 51.3 789 61.0 76.8 70.9 68.5 67.9 10.5
W4A8 SpinQuant 51.7 79.2 61.2 76.9 71.0 69.1 68.2 10.3
[ W4A8  ZipperQuant 553 798 626 765 716 687 691 95 |
W4A4 RTN 28.5 27.6 30.4 525 50.7 52.0 403 1796
W4A4  SmoothQuant  26.0 289 315 51.9 54.1 48.6 402 1806
W4A4 QuaRot 49.8 722 58.9 734 67.9 65.3 64.6 15.6
W4A4  SpinQuant 50.3 73.6 59.3 72.8 67.3 66.0 64.9 16.0
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E.3 ADDITIONAL THROUGHPUT ON AN L20 INFERENCE SERVER

Table [7] reports end-to-end decoding throughput on an inference server equipped with an NVIDIA
L20 GPU and an Intel Xeon Platinum 8457C CPU (see Section [5.1] for details). We evaluate
TensorRT-LLM (FP16) and several W4A4 methods under batch sizes 1-8 with greedy decoding.

Across all batch sizes, ZipperQuant remains the fastest W4A4 method on the L20 platform, yield-
ing roughly 3-7x higher throughput than FlatQuant and QuaRot. Compared to the full-precision
TensorRT-LLM baseline, ZipperQuant delivers about 1.3—1.7x speedup, and we observe the same
favorable trend against the AWQ baseline as on the RTX 4090 (AWQ numbers on L.20 are omitted
from the table for brevity). These results indicate that our speed—accuracy trade-off is stable across
different GPU and CPU platforms. Our CPU-side Zipper engine is implemented using Intel AVX2
intrinsics, and thus applies to any Intel CPU that supports AVX2.

Table 7: End-to-end decoding throughput (tokens/s) on an inference server with an NVIDIA L20
GPU. All methods are evaluated on the same model with greedy decoding.

Method Batch size=1 Batchsize=2 Batch size=4 Batch size=8
TensorRT-LLM (W16A16) 47.80 95.30 190.40 375.90
FlatQuant (W4A4) 18.80 33.57 63.50 143.39
QuaRot (W4A4) 11.83 21.68 40.52 192.45

E.4 LATENCY BREAKDOWN OF THE CPU-GPU PIPELINE

To understand the cost of the CPU path and PCle transfers, we measure a detailed latency breakdown
on an NVIDIA RTX 4090 for LLaMA3-8B. Table [8|reports microsecond-level latency for represen-
tative linear layers (q-proj, k_proj, v_proj, o_proj, down_proj) under different batch sizes. We decom-
pose each step into GPU INT4 GEMM, GPU-side activation quantization, CPU-side device-to-host
(D2H) transfer, CPU LUT computation, and host-to-device (H2D) transfer.

In our implementation, activation quantization and D2H transfers are pipelined with GPU computa-
tion: once the activations are quantized on the GPU, they are streamed to the CPU while the GPU
proceeds with subsequent work. As the table shows, CPU LUT computation and PCle transfers
account for a comparable amount of time as the GPU INT4 GEMM, but these costs are largely over-
lapped in the end-to-end pipeline. Consequently, the CPU path does not dominate the total latency
and enables ZipperQuant to maintain strong throughput, as reported in Section 5.3.

Table 8: Latency breakdown (in ps) on an NVIDIA RTX 4090 for LLaMA3-8B. We report repre-
sentative self-attention and FFN linear layers under different batch sizes.

GPU

Batch L INT4 GPU GPU CPU CPU CPU CPU
size ayer GEMM Quantize Total D2H LUT H2D Total
1 q-proj, o_proj 116 78 194.0 16.0 165.0 17.0 198.1
k_proj, v_proj 112 31 143.0 153 113.0 155 143.7
down_proj 170 123 293.0 22.6 2490 233 295.0
2 q-proj, 0_proj 124 103 227.0 17.1 201.3 17.5 2359
k_proj, v_proj 114 51 165.0 155 136.7 158 168.1
down_proj 269 213 482.0 223 4233 225 468.1
4 q-proj, o_proj 173 201 3740 19.2 330.0 19.7 368.9
k_proj, v_proj 115 65 180.0 16.0 1492 165 181.7
down_proj 452 312 764.0  30.6 5229 30.2 583.7
8  q-proj, o_proj 318 285 603.0 243 528.0 23.1 575.5
k_proj, v_proj 127 93 220.0 18.1 1969 18.8 233.8
down_proj 801 531 13320 46.2 10458 46.7 1138.6
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E.5

SPARSITY FIGURE

We further analyze the sparsity patterns of the projection matrices in both the self-attention and
MLP blocks. Specifically, we report the per-layer sparsity of the highest and the second-highest INT
groups for the self-attention q/k/v projections and the MLP up/gate/down projections. As shown in
Fig.[8] all six matrices exhibit extremely high sparsity in the highest INT group, while the second-
highest group also remains highly sparse across layers.
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Figure 8: Weight sparsity patterns of self-attention (q/k/v) and MLP (up/gate/down) projection ma-

trices.
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